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Abstract. We introduce a new approach, based on economic modelling, for determining the optimal cell coverage
in the CDMA uplink. The approach takes into account resource usage in the uplink direction and user preferences, which
are expressed through utility functions, and captures the tradeoff between having a large cell with many users versus
having a smaller cell with fewer users, which however are able to transmitat a higher rate. Numerical investigations
demonstrate how the optimal cell coverage is affected by the path propagation characteristics, the transmission power
limit, the distribution of mobile users in a cell, and the users’ preferences.

1 INTRODUCTION

Due to their limited capacity, effective dimensioning of
wireless networks in order to achieve efficient utilizationof
scarce resources is important. One specific dimensioning
problem is that of determining the cell coverage in a mo-
bile cellular network. Moreover, Code Division Multiple
Access (CDMA) systems, such as Wideband CDMA and
IS-95, have the ability to dynamically adjust the cell cov-
erage to achieve a balanced distribution of the load among
neighboring cells [1]; this procedure is also referred to as
cell breathing. To achieve such load balancing, cells with
heavy load could decrease their coverage, hence their load,
whereas neighboring cells that are less loaded could in-
crease their coverage to accommodate mobile users that
couldn’t be handled by the heavier loaded cell.

The objective of this paper is to propose and investi-
gate a new approach for cell dimensioning based on maxi-
mizing the economic efficiency, which is expressed by the
aggregate utility of all mobile users in a CDMA cell. Max-
imizing the aggregate utility results in network resources
being used in a more efficient way and according to the
actual user preferences; such efficient utilization of re-
sources results in more competitive services [2], which is
important in today’s competitive telecommunications mar-

* The work presented in this paper is a revised and extended version
of the conference publication “Cell Coverage based on Social Welfare
Maximization”, IST Mobile and Wireless Telecommunications Summit,
Thessaloniki, Greece, June 2002.

ket. Other approaches to load balancing cannot achieve
such efficiency, since they do not take into account user
preferences. A user’s preferences are expressed through
a utility function which is a relative measure for the sat-
isfaction that a user obtains, or the performance that an
application experiences, with a particular level of service,
which in this paper is quantified by the average transmis-
sion rate. An important feature of our approach is that it
captures, through a simple model, the tradeoff of having a
large cell with many users, compared to having a small cell
with fewer users, which however are able to transmit at a
higher rate. Additionally, the proposed model allows us to
investigate how factors such as the path propagation char-
acteristics, the transmission power constraints, the distri-
bution of mobile users in a cell, and the users’ preferences
affect the optimal cell coverage.

A number of research works have considered the use of
economic models based on the notions of utility and pricing
for developing flexible and efficient control mechanisms in
both wired [3], and wireless networks [4, 5, 6, 7]. The work
in this paper differs from the aforementioned work in that
the proposed model takes into account the actual resource
constraints in the uplink direction, including the transmis-
sion power constraints at mobile nodes, and is applied for
determining the economically optimal cell coverage; to the
author’s knowledge this is the first work applying economic
modelling based on utility functions for optimal cell dimen-
sioning. The additional contribution of this work compared
to [5] is that we formulate and solve the economic max-
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imization problem (maximization of the aggregate utility)
that explicitly considers the transmission power constraints
of mobile nodes; this allows us to quantify the relative con-
tribution to the level of congestion in a CDMA cell from
the various mobiles, which depends on their transmission
rate, signal quality, and for mobiles located on the border
of a cell, also on their power constraints.

The rest of the paper is organized as follows. In Sec-
tion 2 we discuss the resource constraint in the uplink di-
rection, taking into account the transmission power limits
of mobile nodes due to limited battery. In Section 3, based
on the previous resource constraint model, we formulate an
economic model for selecting the transmission rate and sig-
nal quality to optimize the aggregate utility for a cell with
fixed coverage. Next, we define the problem of finding the
optimal cell coverage. In Section 4 we present numerical
experiments that demonstrate how the optimal cell cover-
age is affected by the path propagation characteristics, the
transmission power limit, the distribution of mobile users
in a cell, and the users’ preferences. Finally, in Section 5
we present some concluding remarks.

2 RESOURCE USAGE IN THE UPLINK

In this section we discuss the resource constraint in the
uplink of a single CDMA cell. As we will see, this con-
straint depends on the transmission rate and signal quality
of all mobiles, and on the transmission power constraint of
mobiles located on the cell boundary.

The bit-energy-to-noise-density ratio at the base station
is given by [8, 9]

(

Eb

N0

)

i

=
W

ri

gipi
∑

j 6=i gjpj + η
, (1)

whereW is the chip rate,ri is the transmission rate,pi

is the transmission power,gi is the path gain between the
base station and mobilei, andη is the power of the back-
ground noise at the base station. The ratioW/ri is re-
ferred to as the spreading factor or processing gain for mo-
bile i. The value of the bit-energy-to-noise-density ratio
(Eb/N0)i corresponds to the signal quality, since it deter-
mines the bit error rate,BER[8, 9].

Let γi be the target bit-energy-to-noise-density ratio re-
quired to achieve a target bit or packet error rate. If we
assume perfect power control, then(Eb/N0)i = γi. Solv-
ing the set of equations (1) for each mobilei, and assuming
that there is a large number of mobiles each using a small
portion of the wireless resource, the wireless resource con-
straint can be approximated by [9, 10, 11]

∑

i

riγi < W .

Hence, the amount of resources used by a mobile is given
by the product of its transmission rate and target bit-energy-
to-noise-density ratio (signal quality).

If each mobilei can transmit with maximum power̄pi,
then the wireless resource constraint is [10, 1]

∑

i

riγi ≤ W −
η

minj

{

gj p̄j

rjγj

} . (2)

From the last equation observe that if all mobiles have the
same maximum power and the same resource usage, then
the wireless resource constraint is determined by the mo-
bile with the smallest channel gaingj .

The above resource usage model can be extended to
take into account the interference from neighboring cells,
e.g. through the intercell interference coefficient [8]. Addi-
tionally, the model can be extended to the case of imperfect
power control in the presence of shadow and Rayleigh fad-
ing, by introducing a maximum utilization component in
the right-hand side of the above equations to limit the load
of the system. We do not discuss these extensions further,
since they are not the focus of this paper and the resource
constraint model expressed by (2) suffices for our purposes,
since it contains the dependence on the mobile transmis-
sion power limit, which we will further investigate within
the economic model presented in the following section.

3 ECONOMIC EFFICIENCY AND OPTIMAL

CELL COVERAGE

In this section we first formulate the problem of max-
imizing the aggregate utility in the CDMA uplink for a
given cell coverage. The model takes into account the cor-
responding resource constraint and the limited transmission
power of mobile nodes, and will allow us to formulate the
problem of optimally selecting the transmission rate and
signal quality for mobiles in a cell with fixed coverage.
Then, based on the aforementioned model, we will discuss
the problem of finding the cell coverage that maximizes the
aggregate utility.

3.1 ECONOMIC EFFICIENCY

Consider the case of elastic (best-effort) traffic, where
users value only the average throughput of successful data
transmission. This throughput is given by the product
riPi(γi) of the transmission rate and the probability of suc-
cessful packet transmission, which depends on the target
bit-energy-to-noise-density ratioγi. Thus, the utility for
an elastic useri that values only his average transmission
rate has the formUi(riPi(γi)). For elastic traffic the util-
ity is typically concave, illustrating the law of diminishing
return where as the average transmission increases the ad-
ditional unit of service (transmission rate) yields less addi-
tional value.

The problem of maximizing the aggregate utility (so-



Cell Dimensioning in the CDMA Uplink based on Economic Modelling

cial welfare) of all mobile usersN in a CDMA cell is

maximize
∑

i

Ui(riPi(γi))

over ri ≥ 0, γi ≥ 0

subject to
∑

i

riγi ≤ W −
η

minj

{

gj p̄j

rjγj

} , (3)

wherei ∈ N . Let K be the set of mobiles whose trans-
mission power constraints limit the cell coverage, i.e. the
mobiles for which the constraint in (3) is tight, hence

K =

{

k : k = arg min
j

{

gj p̄j

rjγj

}}

. (4)

In the remainder of the paper we will use the term “border”
mobile to refer to a mobile in setK. If the utilities Ui(·)
are differentiable and strictly concave, and the Lagrangian
method for solving the above optimization problem can be
applied, then the Lagrangian is

L =
∑

i

Ui(riPi(γi)) + λ

(

W −
ηrkγk

gkp̄k

−
∑

i

riγi

)

,

whereλ is the shadow price (Lagrange multiplier) for the
wireless resource constraint, which reflects the level of de-
mand for the wireless resource. By settingzi = riγi, and
assumingγi > 0, the above Lagrangian can be written as

L =
∑

i

Ui

(

zi

Pi(γi)

γi

)

+ λ

(

W −
ηzk

gkp̄k

−
∑

i

zi

)

.

Maximizing the above Lagrangian is equivalent to maxi-
mizing

L =
∑

i

Ui

(

zi max
γi>0

Pi(γi)

γi

)

+λ

(

W −
ηzk

gkp̄k

−
∑

i

zi

)

.

The last equation shows that the global problem of max-
imizing the aggregate utility can be decomposed into two
separate problems. The first gives the optimal signal qual-
ity γ∗

i for each user

Pi(γ
∗
i ) = P ′

i (γ
∗
i )γ∗

i , (5)

hence the optimal signal quality is independent of the user’s
utility and depends only onPi(γi). Moreover, note that the
optimal signal quality is also independent of whether the
mobile is located in the interior or on the border of the cell.
A similar result, for the case where the mobile transmission
power limits are not taken into account is shown in [5].

The second optimization problem gives the optimal
transmission rate and is defined as follows

maximize
∑

i

Ui(riPi(γ
∗
i )) (6)

over ri ≥ 0

subject to
∑

i

riγ
∗
i ≤ W −

ηrkγ∗
k

gj p̄j

, (7)

wherei ∈ N (set of all mobiles) andk ∈ K (defined in
(4)).

From the first order conditions of the above optimiza-
tion problem we find that the optimal transmission rates
satisfy the following

U ′
i(r

∗
i Pi(γ

∗
i ))Pi(γ

∗
i ) = λγ∗

i if i 6∈ K

U ′
i(r

∗
i Pi(γ

∗
i ))Pi(γ

∗
i ) = λ

(

η
gip̄i

+ 1
)

γ∗
i if i ∈ K ,

whereλ is the shadow price for the constraint (7).
The optimal ratesr∗i can be found in a distributed and

decentralized manner, by sending to each mobile a “price”
signal that is proportional to the amount of resources they
use. To achieve efficient resource utilization, the shadow
price can be iteratively adjusted based on a tatonnement
process: the shadow priceλ is increased (decreased) if the
aggregate demand that appears in the left-hand side of in-
equality (7) is greater (less) than the available wireless re-
source, which is given by the right-hand side of (7). Note
that during the above iterative procedure for adapting the
price λ, the set of border nodesK can change. In each
iteration, the setK is determined by (4).

The last two equations depict the contribution of each
mobile user to the wireless load, expressed through a price,
and can be used to estimate the optimal transmission rates
for each mobile. In particular, this price for mobiles lo-

cated at the cell border should beλ
(

η
gkp̄k

+ 1
)

, which is

higher than the priceλ for mobiles located in the cell’s
interior; this captures the fact that mobiles at the bound-
ary influence the resource usage and the wireless resource
constraint. Due to this, as we will illustrate in Section 4,
the optimal transmission rate for mobiles at the cell bor-
der is lower than the optimal transmission rate for mobiles
located in the interior of the cell.

In the case of multiple cells, the aggregate utility would
involve the users of all cells. Additionally, each cell would
have a resource constraint of the form (3). In this case, each
cell would have its own shadow price which would reflect
the level of demand in that cell.

3.2 OPTIMAL CELL COVERAGE

The previous section discussed the optimal selection of
the transmission rates and signal quality, for a fixed cell
coverage. As expressed by the constraint (2), there is a
tradeoff between the cell coverage and the achievable trans-
mission rates. If we increase the coverage, the path gain for
mobiles on the cell’s boundary decreases, hence the right-
hand side of (2) also decreases, thus reducing the aggregate
rate that can be achieved by the mobiles. On the other hand,
by decreasing the coverage, i.e. by not serving mobiles that
are far from the base station, the remaining mobiles would
be able to send at a higher rate, thus their utility could in-
crease. Moreover, recall that the optimal signal quality is
given by (5), and is independent of the cell coverage, hence
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the coverage affects only the achievable transmission rates.
In the case of multiple cells, the coverage of different cells
is not independent, and one would seek to determine the
aggregate utility for different placements of the boundary
between neighboring cells.

Under the above tradeoff, the optimal cell radius is the
value that maximizes the aggregate utility. As we will
demonstrate in the numerical results section, for concave
utility functions and the distribution of mobile users con-
sidered, the aggregate utility for a single cell is a unimodal
function of the cell radius, i.e. it is an increasing function of
the cell radius until it obtains a maximum value, after which
it is a decreasing function of the cell radius; this property
allows us to find the optimal cell radius efficiently using
an efficient search method, such as a golden section search
[12].

4 NUMERICAL INVESTIGATIONS

In the numerical investigations we consider the
Okumara-Hata propagation model [11], according to which
the path gain in an urban environment is

gurb(d) = 1.82 · 10−14 × d−3.52 ,

whered is the mobile’s distance from the base station in
Km. For a suburban environment, the path gain is

gsub(d) = 1.15 · 10−13 × d−3.52 .

Regarding the distribution of mobile users within a cell, we
assume that the number of users within distanced from the
base station is given by

N(d) = ρπdv .

In the numerical investigations we consider the valuesρ =
20, 30, andv = 1, 2, Table 1.

Next we describe the model for the packet success rate
P (γ), which we assume to be the same for all mobiles. For
additive white Gaussian noise and a non-fading channel,
the bit error rate for DPSK (Differential Phase Shift Key-
ing) modulation is [13]

BER(γ) = 0.5e−γ .

Although the above propagation model is simplified, the
qualitative conclusions are the same with those that would
be obtained for a more detailed model that includes shad-
owing and Rayleigh fading.

If there is no error correction, and bit errors are inde-
pendent and are all detected, then the packet success prob-
ability is

P (γ) = (1 − BER(γ))L ,

whereL is the number of bits in one packet. From this
equation and (5), we find that forL = 60 the optimal

Table 1: Parameters for the numerical investigations.d is distance
in Km.

parameter value
chip rate,W 3.84 Mcps

noise,η 10−13 Watt
max. transmission power,̄p 0.2, 0.6 Watt

path gain,g(d) kd−u, u = 3.52,
kurb = 1.82 · 10−14

ksub = 1.15 · 10−13

# of mobiles,N(d) ρπdv

ρ = 20, 30, v = 1, 2
BER(γ) (DPSK) 0.5e−γ

# of bits per packet,L 60
γ∗, from (5) 5 (= 7 dB)

utility 1 − e−bx, b = 0.1, 0.2
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Figure 1: Aggregate utility as a function of cell radius in an urban
and suburban environment, for a different mobile trans-
mission power constraint̄p. The figure shows that the
aggregate utility is higher, and is achieved at a larger
coverage, in the case of a larger transmission power
limit and a suburban environment.

bit-energy-to-noise-density ratio isγ∗ = 5. The optimal
transmission quality can be derived for other modulation
schemes and in the presence of forward error correction
(FEC), in a similar manner [5]. The values of the other pa-
rameters used in the numerical investigations are shown in
Table 1. For simplicity, we assume that all mobile users
have the same utility and the same maximum transmission
power.

Figure 1 shows the aggregate utility as a function of
the cell radius (coverage), in an urban and suburban envi-
ronment for different transmission power constraints. Ob-
serve that the dependence is concave, and the aggregate
utility is maximized at some coverage. Furthermore, for a
higher maximum transmission power, the aggregate utility
increases and obtains its maximum at a larger cell radius.
The reason for such behavior is that an increasing power
limit increases the right-hand side of the constraint in (2).
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Figure 2: Optimal transmission rate as a function of cell radius in
an urban and suburban environment, for different mo-
bile transmission power constraints̄p, and for internal
and border nodes. The figure shows that the optimal
transmission rate is smaller in the case of a smaller
transmission power limit, an urban environment, and
mobiles at the cell border.

Indeed, a larger power limit enables mobiles to achieve a
higher transmission rate, Figure 2. Also observe in Fig-
ure 2 that a mobile located at the border of a cell should
transmit at a much lower rate in order to efficiently utilize
the wireless resources. As discussed in the previous sec-
tion, this is because such border nodes influence the wire-
less constraint, in addition to using wireless resources.

Figure 1 shows that for a suburban environment, where
the path gain is higher than in an urban environment, both
the aggregate utility and the coverage at which the aggre-
gate utility is maximized are higher. Moreover, in a sub-
urban environment the optimal transmission rate is higher,
Figure 2. As before, the reason for such behavior is that
increasing the path gain increases the right-hand side of the
constraint in (2).

Figure 3 shows that when the density of mobiles de-
creases with the distance from the base station (which is
the casev = 1 in Table 1), the aggregate utility remains
approximately the same as in the case where the density of
mobile users is independent of the distance from the base
station (which is the casev = 2). However, the coverage
for which the aggregate utility is maximized is larger in the
latter case (v = 2). In other words, if by increasing the cov-
erage the number of mobiles that can be handled increases
by a significant amount, then this can result in higher ag-
gregate utility. Finally, Figure 3 shows that the distribution
density factorρ does not affect the optimal coverage, but
does affect the value of the maximum aggregate utility.

Figure 4 shows that for a steeper utility, i.e. a utility
with largerb (see Table 1) in which case mobile users have
a higher utility for small values of the transmission rate,
both the aggregate utility and the coverage at which the
aggregate utility is maximized are higher. The reason for
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Figure 3: Aggregate utility as a function of cell radius for differ-
ent mobile distributions and densities. When the num-
ber of mobiles isN(d) ∝ d2, the density is uniform,
whereas if it isN(d) ∝ d the density decreases with
the distance from the base station. The figure shows
that the aggregate utility is independent of the distribu-
tion of mobiles, and is achieved at a higher coverage
when the density does not decrease with the distance
from the base station. On the other hand, the optimal
cell coverage is independent of the density factorρ in
Table 1.
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ble 1).
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this behavior is that if utilityU1 is steeper thanU2 we have
U1(x) > U2(x), i.e. for a steeper utility the same through-
putx yields a higher user satisfaction; hence, increasing the
coverage to accommodate more mobile users results in a
higher aggregate utility compared to the case of a less steep
utility, even if that means giving less resources to each user.

5 CONCLUSIONS

We have presented a new approach for determining the
cell coverage in a CDMA wireless system, which takes into
account the preferences of mobile users expressed through
utility functions. This will be important in future wireless
systems supporting data applications with different perfor-
mance requirements, which should be taken into account
for cell dimensioning. The approach is based on maxi-
mizing the aggregate utility of a CDMA cell, and captures
the tradeoff between having a large cell, hence accommo-
dating a large number of mobile users, versus having a
smaller cell, hence accommodating a smaller number of
users, which however can achieve a higher transmission
rate.

The analysis of our model shows the influence of mo-
bile users located at the interior of a cell and on the border
of the cell, on the resource usage and the wireless network
constraint. When the mobile users value the average data
throughput, we showed that the optimal signal-to-noise-
density ratio depends solely on the packet success proba-
bility as a function of the signal quality, and is independent
of the mobile user utility or whether he is located in the in-
terior or on the boundary of the cell. On the other hand, the
optimal transmission rate for a mobile at the boundary of a
cell should be lower than for a mobile in the interior, since
the former influences the wireless resource constraint.

The approach presented in this paper can be applied in
practise by assuming a set of different classes, each class
can refer to applications with the same performance re-
quirements, hence the same utility function. The utility for
each class can be estimated by measuring the quality or
performance that applications corresponding to each class
experience for different transmission rates, or by monitor-
ing the choices made by actual users [14].

The focus of this paper was on the CDMA uplink. Un-
like the uplink, the downlink is limited solely by the trans-
mission power at the base station, and not the individual
power constraints at the mobile nodes; hence, the cor-
responding model for dimensioning a CDMA cell in the
downlink direction would differ from the one presented in
this paper. Another direction for further research is the in-
vestigation of the proposed model in the case of multiple
cells, where interference from neighboring cells must be
taken into account.
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